We present an energy based automatic image segmentation algorithm that uses a novel active contour scheme, called the stochastic active contour scheme (STACS). The algorithm overcomes some unique challenges arising in cardiac magnetic resonance (MR) images by minimizing an energy functional with four terms, each representing the region and edge based information of the image and the global and local properties of the contour. We use annealing schedules to control the relative strength of each of the terms during the minimization process. The segmentation results when applying STACS to a set of real cardiac MR sequences of a rat are presented and quantitatively assessed by comparing them to the manually-traced contours using two similarity measures, the area and shape similarity measures. This assessment validates STACS's results, demonstrating its very good and consistent segmentation performance.
INTRODUCTION
Cardiac MR image segmentation is challenging because the texture of the myocardium (the heart muscle) is perceivably undistinguishable from the texture of other heart structures and anatomy parts, such as the papillary muscles or the chest wall. Most of the available active contour methods lead to problematic results when applied to cardiac MR images. Purely edge-based active contour schemes [1] [2] [3] are sensitive to noise and initialization, i.e., the initial contour must reside close enough to the true boundary for the contour to evolve. Further, turbulent blood flow in some cardiac MR images often causes faulty edges. Papillary muscles and other anatomy parts like the chest wall pose additional challenges for segmentation because they have textures similar to the myocardium's but should be excluded when segmenting the left ventricle. Purely region-based schemes [4, 5] , though more robust to initial conditions, can not resolve objects with similar textures, thus can not distinguish the myocardium from the papillary muscles or the chest wall. We address these problems by modeling the image textures stochastically and imposing prior shape constraint onto the contour. Our new active contour scheme for segmenting a cardiac MR image in small animal models (rats) is referred to as stochastic active scheme or STACS [6, 7] . Our compounding energy functional includes stochastic modeling of the image textures and shape priors, in addition to the usual edge-based and contour smoothness terms. When applied to real MR image sequences of a rat's heart, STACS correctly segments the heart region (myocardium) from other anatomy parts.
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In this paper, we describe an annealing algorithm on the parameters weighting the different terms of the STACS's energy functional and assess the quality of the STACS's segmentation results quantitatively with two similarity measures: area and shape. Section 2.1 summarizes STACS. In section 2.2, the annealing schedules are presented. We then validate the performance of STACS by comparing STACS's segmentation results to the ones obtained manually by an expert using the area similarity measure, described in section 3.1, and the shape similarity measure, detailed in section 3.2.
STOCHASTIC ACTIVE CONTOUR

Energy Minimization
We adopt an energy minimization approach to segment the heart and its structures (the left and right ventricles). Since MR images often have low contrast, it is very difficult to segment the myocardium from surrounding tissues, for example, the chest wall. A second major issue arises because the myocardium is essentially the same tissue as the papillary muscles but they are not to be included in the segmented left ventricle. To address successfully these problems, we design an energy functional that has four terms
where is the contour that delineates the boundary of the desired heart structures (the left or right ventricle, or the epicardium), and
are the relative weights of the four terms Â½, Â¾, Â¿, Â , respectively. In the first term Â½´ µ, we assume two different stochastic texture models: Å½ for the object (the left or right ventricle), residing within the contour, and Å¾ for the background, residing outside the contour. This term is called the region-based term because it utilizes the regional statistics within the image to help evolving the contour during the segmentation process. The second term Â¾´ µ is the edge-based term. Its purpose is to attract the contour to clues given by prominent edges within the edge map, derived from the image. The third term Â¿´ µ regulates the global properties of the contour to resemble the prior knowledge about the heart shape H´ µ. Assuming an ellipse shape for the heart contour, we have
where the parameter vector When actually minimizing the energy functional (1), we adopt a level set approach [8] 
are the negative log of the probability density functions of the object and the background models, respectively; À¯and AE¯are the regularized Heaviside and delta functions used to mask the pixels inside and on the contour , respectively; and the potential function
where § is the edge map [3] derived from the image, and
Ì Ú
represents the signed distance to the ellipse contour of the heart. We minimize the functional (4) by iterating between three tasks. In the first and second tasks, we fix the contour , and then estimate the parameters Ñ and ¾ for ½ ¾ of both models in Â½´ µ and the parameters of the ellipse contour in Â¿´ µ. In the third task, we fix all these parameters, and then evolve the contour , or equivalently the level set function , according to the contour evolution equation
where ¡ is the vector dot product; Ö is the gradient operator; div Ö Ö (8) representing the curvature along the contour ; and the potential force field
Details on the formulation of the energy functional (4), the derivation of the partial differential equation for the contour evolution (7), and the estimations of all parameters can be found in [6, 7] .
-Annealing
The energy functional (1) has four terms. Balancing these terms poses very difficult challenges in automatic image segmentation. We learn from our experience with real cardiac MR data that these different terms should be given different weights as the segmentation progresses. For example, at the beginning of the segmentation process, we should first let an arbitrarily placed contour to freely evolve (under the image conditions) toward desired boundary of the object (the left or right ventricle). Hence, the first and second terms, Â½ and Â¾, should initially play a dominant role because they are derived from the image. However, as the segmentation progresses, the shape prior Â¿ should weigh more heavily, so the final contour resembles, as much as possible, the desired ellipse shape. Finally, the contour smoothness term Â should be enforced constantly throughout the segmentation process. This dynamic adaptation of the functional (1) can be achieved by annealing the relative weights for ½ ¾ ¿ , so that ½ and ¾ start high and end low, while ¿ goes from low value to high value, and stays constant. Our segmentation algorithm nests two loops: the inner loop minimizes the energy functional (4) by iterating between the three tasks described in 2.1, and the outer loop sets each for ½ ¾ ¿ according to the corresponding annealing schedules below:
where Ò is the (outter loop) iteration number, AE is the total number of (outer loop) iterations, and i and f are the initial and final values of for ½ ¾ ¿, respectively. The annealing schedule (10) is linearly decreasing the value for ½. The annealing schedule (11) reduces ¾ value moderately in the middle range according to a cosine function. The annealing schedule for ¿ increases from the initial value i ¿ to the final value f ¿ most dramatically at the end of the process. Finally, we choose to be constant throughout the segmentation process. Fig.1(a) depicts the segmentation results obtained automatically by STACS and Fig.1(b) shows the contours traced manually by an expert on the same set of 3 real cardiac MR sequences of a rat, each with 8 frames throughout one cardiac cycle. Three sets of contours, representing the boundaries of the epicardium (the outter contour), the left ventricle (the lower inner contour), and the right ventricle (the upper inner contour) of the rat's heart are present. Although STACS's segmentation results in Fig.1(a) are visually pleasing, we want to find a more quantitative approach to compare our automatically generated contours in Fig. 1(a) with the manually traced "gold standard" contours in Fig. 1(b) . We introduce two similarity measures: the area and shape similarity measures.
RESULTS AND QUALITY ASSESSMENT
Area Similarity Measure (ASM)
Let be a set of points on an automatically generated contour, and Ö be a set of points on a reference contour (or the hand-traced contour). One of the methods currently and commonly used in MR image segmentation is comparing the areas within and Ö [9] .
where and Ö are the set of pixels representing the areas within contours and Ö, respectively; Ò´ µ represents the number of elements in ; and is the element-wise "and" operator. According to [9] , Ëarea ¼ indicates an excellent agreement between the two comparing regions but the absolute value of Ëarea may be difficult to interpret. respectively. An entry´ µ in each of these matrices is the ASM value corresponding to the´ µ image pair in Fig. 1(a) and (b).
We observe that all entries of Ë LV area are greater than ¼ . For the right ventricles, we find 19 out of 24 frames having the ASM values greater than 0.7, while the remaining 5 values are moderately below (or equal to) 0.7. We also observe that turbulent blood flow appears in each of the corresponding frames with below 0.7 ASM values. This turbulent blood flow may be the cause for the less satisfactory performance of the segmentation of the right ventricle with these images. Finally, all entries of Ë EP area are above 0.9, indicating excellent result agreement with the gold standard.
Shape Similarity Measure (SSM)
Although ASM, when comparing two contours, is a good indicator on how similar their sizes (or areas) and their relative locations are, it may be less informative with respect to details on the shapes of the two contours. A pair of very different shape contours may yield the same area similarity measure as a pair of contours with identical shape as long as their intersecting regions and the sums of individual areas inside the contour pair are the same. We introduce an alternative to assess the similarity in "shape" between a pair of contours, a modification of the chamfer matching method. Followed the idea described in [10] , we modify the chamfer matching method so that it appropriately measures the similarity in shape between two given contours.
Let be a set of points on the contour automatically generated by STACS and Ö be the set of points on the reference contour obtained manually. Our goal is to find a similarity measure Ë shape ¾ ¼ ½ that quantitatively assesses how similar the shape of the two contours are. Our algorithm for the determination of the shape similarity measure (SSM) proceeds in several steps. First, we generate the binary edge templates, and Ö, where the "on" pixels represent the pixels on each of the two contours being compared. Second, we propagate the shape of the contours in each binary edge template by applying the signed Euclidean distance transform
where Õ is a pixel in the image domain, Ô ¾ represents a pixel on the contour , and ¡ is the Euclidean norm. Applying the signed Euclidean distance transform (14) to the binary edge templates and Ö, we obtain the corresponding distance maps, and Ö, respectively. These distance maps simply contain the scaling replicas of the contour shapes throughout the image domain. Third, we calculate the corresponding phase maps by taking the inverse tangent of the ratio of the gradient components in each signed distance map, i.e.,´Ü 
where ¾ is a positive constant.
The findings for the SSM of the LV, RV, and the EP contours are respectively the following: 
RESULT ANALYSIS
The very good visual agreement between the segmentation results by STACS and by human expert is confirmed both by the area similarity measure (ASM) and the shape similarity measure (SSM) shown by the matrices in the previous section. these numbers are smaller than the average values for the other two contours. This can be attributed to the fact that the shape of the right ventricle is not as close to an ellipse as the left ventricle or the epicardium, and due to the presence in many MR frames of turbulent blood flow. We note that the left ventricle is well segmented, with the average ASM of ¼ ¦ ¼ ¼ and the average SSM of ¼ ¾ ¦ ¼ ¼ , even though the presence of the papillary muscles represents in practice a major challenge in other segmentation algorithms. As may be expected, the SSM generally yields a smaller value than the ASM because the SSM is more sensitive to local discrepancies between the contours than the ASM, which is a more global measure. Finally, we observe that the standard deviations of all average similarity measures are quite small, implying that STACS consistently produces good results.
CONCLUSION
Automatic segmentation of the heart in MR image sequences of small animals is desired in medical studies because of the enormous amount of data involved. Our studies have been concerned with studying the rejection of heart transplantation in rats and mice [11] . We have presented in this paper a new automatic segmentation algorithm, stochastic active contour scheme (STACS), and showed with several real cardiac MR data very good agreement between STACS results and the "gold standard" provided by an expert segmenting the same images. The three main features of STACS are: stochastic modeling of the textures of the different anatomy structures and the heart muscle; the incorporation of the heart shape prior; and the annealing schedules on the parameters weighing the contribution of each of the four terms in the energy functional. The good quality of the segmentation results by STACS are confirmed not only visually but also quantitatively by computing two similarity measures, area and shape. The average values of both measures are above 0.7 for the epicardium, the left ventricle, and the right ventricle.
